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Background: reported survival following emergency surgery for ruptured abdominal aortic aneurysm (RAAA) varies
widely between institutions. This is largely attributable to differences in case mix. The aim of this study was to identify
and evaluate a set of prognostic variables that would accurately predict outcome for individual patients from perioperative
indices.
Methods: perioperative factors associated with subsequent mortality at our institution were identified by retrospective
review of 102 consecutive operations for RAAA over a 7-year period (January 1990 to January 1997). Logistic regression
analysis was used to select the most significant variables associated with subsequent mortality. These were used to
construct, train, and validate a neural network designed to predict survival from surgery in individual cases on a
prospective basis.
Results: the 30-day mortality rate was 53%. Multivariate analysis identified four highly significant independent predictors
of mortality; preoperative hypotension, intraperitoneal rupture, preoperative coagulopathy, and preoperative cardiac arrest.
Using these inputs, the neural network correctly predicted outcome in 82.5% of individual cases.
Conclusion: a neural network based on just four perioperative variables can accurately predict outcome of RAAA.
Prognostic variables should be reported in studies as a measure of the effect of case mix on survival data. Neural networks
have potential to aid decision-making relating to outcome for individual cases.
Introduction systems used to predict mortality in this setting, such
as POSSUM and APACHE-II, have not been found to
The incidence of RAAA is increasing, predominantly be useful tools to predict outcome in individual cases.9
Although other studies have identified prognostic fac-attributable to an ageing population.1,2 Surgery or
endoluminal repair currently represents the only tors associated with survival after RAAA,10–21 it is still
not clear which are most useful.effective treatment. Elective aortic aneurysm repair is
associated with the best outcome and mortality has The aim of our study was to establish the most
important predictors of mortality following surgery forfallen from approximately 20% forty years ago to less
than 5% today.3 The operative mortality for patients ruptured AAA, and to use these variables to construct a
neural network to validate their prognostic importancewith rupture is much more variably reported at be-
tween 14 and 70%.2,4,5 Survival data may be biased in in individual cases.
some series by differential reporting of cases and a
process of selective surgery to avoid operating on
individual patients felt to have a poor chance of sur-
vival.4,6–8 Artificial Neural Networks
The evaluation of the effect of case-mix on reported
survival data is evidently significant, but dependent An artificial neural network is a form of computer
on the identification of the most important prognostic intelligence that is modelled after biologic neural sys-
variables associated with mortality. Standard scoring tems, and may be implemented as a computer software
program. It is capable of identifying relations in input
data that are not easily apparent with current common
* Presented in part at the meeting of the Association of Surgeons analytic techniques and therefore have certain ad-
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Table 1. Variables tested as predictors of mortality within 30 days
of surgery.
Variable Predictor
Age7,10,14,33–36 >76 years
Male gender7,37 Yes
Systolic BP10,33,34,36–38 <91 mmHg
Haemoglobin14,38 <8 g/dl
Haematocrit7,17,37 <25%
Platelet count9,20 <100·109/l
APTT20 >60 seconds
PT20 >18 seconds
Amylase39 >340 units/lFig. 1. The inputs I1-x, are weighted by a factor W1-x, and
summated to give a specific value. A transfer function modifies this Creatinine10,14,38 >300 lmol/l
to produce a single output. I1-x=input one to infinity W1-x= Preoperative cardiac arrest7,40,41 Yes
weighting factor one to infinity. Type of rupture21,34,42,43 Intraperitoneal
PT=prothrombin time; PCV=packed cell volume; BP=blood pres-
sure; APTT=activated partial thromboplastin time.
in the last 10 years, most extensively for problems in
engineering, but applied more recently to medical
problems.23–28 the outcomes are known. These are presented to theA neural network consists of an arrangement of network, record by record, over a (potentially veryprocessing elements (PEs) each of which com- large) number of iterations. The weights in themunicates with one or more others by means of network are updated by the learning algorithm soweighted connections. A typical processing element as to minimise the overall error. Training ceaseshas several inputs that are ‘‘weighted’’ by a process when the overall error has declined maximally. Theof summing and thresholding to produce a single accuracy of the network to predict outcome correctlyoutput (Fig. 1). Neural networks are capable of being is then assessed using a different dataset and com-trained to discern patterns and non-linear associations paring the output of the trained network with thein data. Once trained, a network is ‘‘generalisable’’ known result.and can be used to classify or predict outcomes
from similar data.29 Fundamentally, the behaviour
(i.e. the output) of a biological neurone in response
to a set of inputs depends upon the strengths of Patients and Methods
the connections (neurotransmitters) between the cell
body and the inputs. In an analogous manner the Data were obtained from a retrospective review of
102 consecutive patients who underwent emergencyoutput of a PE depends on the individual weighting
factor on each input. The behaviour of the network surgery for ruptured abdominal aortic aneurysm at
our institution over a seven-year period. The medicalas a whole can therefore be determined by ap-
propriate fixing of every weight in the network. It records of 13 patients were not available for review.
Data were also excluded on three patients withis necessary to have a means of setting the weights
(“training the network”). In a back-propagation net- inflammatory aneurysms, one patient with aorto-
enteric fistula, and one with an iliac aneurysm. Awork the weights are set by repeatedly presenting
a set of data records to the input layer for which transperitoneal approach was used for all patients.
Rupture was classified as intraperitoneal if there wasthe desired output is known. The error between the
output produced by the network and the desired free blood in the peritoneal cavity, and retroperitoneal
as indicated by the presence of retroperitoneal haem-(known) output for the corresponding record in the
dataset is used to adjust the weights in the network atoma. Twelve perioperative indices of mortality were
chosen for analysis, based on previously identifiedaccording to some learning algorithm, so as to reduce
the error. The basis of this learning method was significant variables in the literature and the data
available from our review (Table 1). The systolicestablished by Rumelhart et al.30 After many cycles
through the training data the weights will converge blood pressure and haematological variables recorded
on arrival to the hospital were used in the analysis.to a set which represents a minimum error condition
over the entire dataset. Records where values of a variable were unrecorded
were excluded from the analysis of that variable.The network is trained using a dataset for which
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Table 2. Neural network: coding of input and output variables. size from 2 to 5 processing elements (PEs), were as-
sessed. The network with 3 PEs in the hidden layerVariable Code
gave us best results. The network was trained from
Input five different initial weight randomisations. The results
BP (<91=1, else 0) of the best network are presented.
Pre-op coagulopathy (Platelets <100·109=1, else 0)
Pre-op cardiac arrest (True=1, else 0)
Intraperitoneal rupture (True=1, else 0)
Output Results
Death 1
Survival 0
One hundred and two patients were included for
Pre-op=preoperative; BP=systolic blood pressure. analysis in the study (70 men, 32 women; median
age 78.8, range 61 to 102 years). Forty-eight patients
Associations between preoperative and perioperative survived to 30 days post surgery (overall mortality
risk factors and subsequent mortality within 30 days rate 53%).
were analysed by univariate and multivariate binary Univariate analysis identified 10 perioperative vari-
logistic regression using a commercial statistics pack- ables that were significantly associated with mortality,
age (MINITABTM for Windows, version 11.2; MINITAB comparing favourably with the current surgical lit-
Inc, 3081 Enterprise Drive, State College, PA 16801- erature (Table 3). Of these, a low packed cell volume,
3008, U.S.A.). hypotension, anaemia, thrombocytopenia and intra-
Regression coefficients were used to develop a multi- peritoneal rupture, each had a highly significant as-
variate model based on the most significant risk factors. sociation (p<0.001) with subsequent mortality. Male
The neural network was constructed using Autonet gender and a prolonged prothrombin time (>18 sec-
WindowsTM software on a PentiumTM 100 personal onds) showed no significant association.
computer with 32 megabytes of random access mem- Three variables were excluded from multivariate
ory (RAM). The database of 102 patients’ records analysis due to incomplete data for that variable:
(for which the outcomes were known) were divided preoperative amylase not recorded in 51 patients; pro-
randomly into two sets of 51 records, a training set thrombin time or activated partial thromboplastin time
(29 deaths, 22 survivors) and a test set (25 deaths, 26 not recorded in 41 patients. Multivariate analysis con-
survivors). firmed a significant independent association with mor-
It is normal practice to use three datasets. The first tality for just 4 of the perioperative variables significant
is used to train the network (training set). The second on univariate analysis (Table 4). A preoperative cardiac
is used to validate the network (validation set). Lastly, arrest was the most significant independent variable
the performance of the network was assessed by pre- associated with the highest odds ratio (OR) of dying
senting it with the third dataset, and comparing the (OR=15.06, p=0.017). The other most significant in-
output of the trained network with the known result dependent variables predictive of subsequent mor-
(DTI Best Practice Guidelines). Training is repeated tality were the occurrence of an intraperitoneal bleed
using a variety of network layouts until the best per- (OR=13.46, p=0.002), preoperative thrombocytopenia
formance on the validation set is achieved. The training (OR=9.04, p=0.002) and compromised blood pressure
set was accordingly split randomly into 60% training, on arrival (OR=3.89, p=0.042).
40% validation. Using these four variables, the neural network
The records were converted from the original data- correctly predicted individual survival, on the test
base format into comma-delimited files suitable for dataset of 51 patients, with a sensitivity of 86.4%
importing into the neural network software. The inputs and specificity of 79.3%. The positive and negative
to the network were selected on the basis of the predictive values of the neural network were 82.6%
most significant independent predictors of survival and 88.5%, respectively.
identified by multivariate analysis. These comprised
systolic blood pressure on arrival (>91 mmHg, or
<91 mmHg), thrombocytopenia (platelet count
<100·109/l, or >100–109/l), preoperative cardiac ar- Discussion
rest (yes, or no) and type of rupture (intraperitoneal,
or retroperitoneal) (Table 2). The output comprised Many factors currently influence the widely reported
survival data following surgery for RAAA.31 Outcometwo classes – survival (at 30 days) or death.
Several single hidden layer networks, ranging in is, in part, determined by the patient’s preoperative
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Table 3. Univariate association with mortality on logistic regression (data for missing variables not analysed).
Variable Patients analysed p-Value OR 95% CI
Male Gender 102 0.688 1.19 0.51–2.74
PT >18 seconds 63 0.499 1.41 0.52–3.84
Age >76 years 102 0.013 2.86 1.24–6.56
Creatinine >300 lmol/l 102 0.076 3.41 0.88–13.22
PCV <25% 102 0.000 7.89 3.00–20.74
BP systolic <91 mmHg 102 0.000 9.46 3.83–23.35
Amylase >340 units/l 56 0.004 10.50 2.10–52.58
Haemoglobin <8 g/dl 102 0.000 10.75 3.69–31.35
Preoperative cardiac arrest 102 0.002 11.50 2.50–52.82
Platelet count <100·109/l 102 0.000 15.77 5.90–42.12
Intraperitoneal rupture 102 0.000 18.70 5.84–59.84
APTT >60 seconds 61 0.001 34.00 4.03–286.66
PT=prothrombin time; PCV=packed cell volume; BP=blood pressure; APTT=activated partial thromboplastin time; OR=odds ratio;
CI=confidence interval.
Table 4. Multivariate model of variables independently associated with mortality.
Variable p-Value OR 95% CI
Creatinine >300 lmol/l 0.760 1.33 0.21–8.35
PCV <25% 0.682 1.37 0.30–6.15
Age >76 years 0.505 1.58 0.41–6.01
Haemoglobin <8 g/dl 0.372 2.07 0.42–10.19
Male gender 0.211 2.72 0.57–13.06
BP systolic <91 mmHg 0.042 3.89 1.05–14.42
Platelet count <100·109/l 0.002 9.04 2.20–37.22
Intraperitoneal rupture 0.002 13.46 2.52–71.95
Preoperative cardiac arrest 0.017 15.06 1.61–140.93
PCV=packed cell volume; BP=blood pressure.
status, the surgeon, and occurrence of postoperative operation notes of 13 patients in the study. Ad-
ditionally, although no policy existed to exclude anycomplications.11,17,18 At present both referral patterns
and the proportion of cases accepted for operation patients with RAAA from operation during the study
period, it is not possible to identify if this ever occurred.differ between hospitals.8 The subsequent reporting of
survival data for purposes of comparative audit are We would hope that a prospective study would im-
prove the accuracy of individual prediction by theconsequently strongly influenced by the case-mix.4
Many perioperative variables may have a strong in- neural network even further.
Three of these variables are available preoperativelyfluence on patient outcome, but there has long been a
need for these to be both identified and validated. and the presence of intraperitoneal rupture at lap-
arotomy. This type of system could be re-trained toThe knowledge of the functioning artificial neural
network is built on learning and experience from utilise variables available only in the accident and
emergency room, to offer a very rapid prediction ofhistorical data. Based on this prior knowledge, the
artificial neural network can predict non-linear re- outcome in the emergency situation. Future pro-
spective validation of the neural network is now beinglations found in newly presented datasets and offer
an advantage over simple logistic regression analysis.32 performed, to define its role in these different areas.
These may include deciding whether to proceed withWe have shown that outcome following surgery for
RAAA can be predicted for an individual patient, surgery, or on the appropriate use of an intensive care
unit bed postoperatively, in patients predicted not tousing a limited amount of perioperative data, with a
high accuracy. However, this was a retrospective re- survive.
In conclusion, we have confirmed and validatedview and subject to possible bias being introduced to
the neural network. We were unable to trace the the highly significant independent association of 4
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